Abstract.-We propose a method for delimiting species based on dominant or codominant multilocus data using Gaussian clustering with a noise component for outliers. Case studies show that provisional species delimited using Gaussian clustering based on dominant multilocus data correspond well with provisional species delimited based on other data. However, the performance of Gaussian clustering in delimiting species based on few codominant markers was only moderate. Species represented by few individuals are usually included in the noise component because clusters are difficult to recognize with limited data. As alternative methods, we evaluated two model-based clustering methods originally proposed to infer population structure and assign individuals to populations based on the assumption of Hardy-Weinberg equilibrium within populations, namely STRUCTURE and STRUCTURAMA, as well as the "fields for recombination" approach. The latter resulted in lumping all individuals of each data set with codominant markers together, and whereas STRUCTURE often provides no decision about the number of clusters, STRUCTURAMA usually yields correct or almost correct numbers of clusters. The classification success of STRUCTURAMA analyses based on codominant markers was very good, but its performance with dominant markers was less consistent. Based on the classification success of the different methods for delimiting species with dominant and codominant multilocus markers in the case studies, we recommend using Gaussian clustering for data sets with dominant markers and STRUCTURAMA for data sets with codominant markers.
The delimitation of species is of basic importance because species are the fundamental units in biology. Traditional characters used to differentiate species such as morphology or behavior are increasingly supplemented by approaches based on molecular genetic data.
Many studies used single-locus DNA sequences for species delimitation (e.g., Floyd et al. 2002; Wiens and Penkrot 2002; Hebert et al. 2003; Blaxter et al. 2004; Pons et al. 2006; Hart and Sunday 2007) . Nevertheless, singlelocus DNA sequences have significant limitations for species identification and delimitation (e.g., Ferguson et al. 2002; Lee 2004; Will and Rubinoff 2004; DeSalle et al. 2005; Meyer and Paulay 2005; Will et al. 2005; Meier et al. 2006; Wiemers and Fiedler 2007; Trewick 2008) . Incomplete lineage sorting and introgression may result in incongruence between species boundaries and the distribution of single markers, especially in recently diverged species. Thus, single markers may give first hints to cryptic species or unjustified splitting of species, but these results have to be verified by further investigation.
The risk of incorrect delimitation of species as a result of incomplete lineage sorting or introgression can be reduced by analyzing several independent loci. Though sequencing DNA fragments from several rapidly evolving loci is possible (Dettman et al. 2003; Weisrock et al. 2006; Knowles and Carstens 2007) , it is still expensive and fraught with technical difficulties, especially in taxa that are phylogenetically distant from model organisms. Sequencing DNA fragments of a dozen rapidly evolving loci from many individuals is already an enormous task. Alternatively, dominant markers where homozygous and heterozygous individuals cannot be distinguished, for example, amplified fragment length polymorphisms (AFLP) (Parsons and Shaw 2001; Goldman et al. 2004; Martínez-Ortega et al. 2004) or codominant markers like microsatellites (Franck et al. 2004; Edwards et al. 2008) , allozymes (Marshall et al. 2006) , or single nucleotide polymorphisms (Shaffer and Thomson 2007) may be used for delimiting species. In contrast to sequencing DNA fragments from several rapidly evolving loci, a large number of loci can rapidly be scored with such markers at low cost, albeit with the caveat that the history of the individual loci cannot be reconstructed with these data.
In this paper, we propose a method for the basic step in delimiting species, namely the partitioning of a set of sampled individuals into one or more provisional species without prior information about the number of species based on dominant or codominant multilocus data. We apply this method to 4 data sets, 2 AFLP, and 2 microsatellite data sets and compare the results with other methods that may be used for delimiting species based on dominant or codominant multilocus data, namely STRUCTURE (Pritchard et al. 2000) , STRUC-TURAMA (Huelsenbeck and Andolfatto 2007) , and the "fields for recombination" approach proposed by Doyle (1995) .
METHODS

Conceptual Framework
According to de Queiroz (1998 de Queiroz ( , 2007 , the primary defining and only necessary property of the species category is the existence of a separately evolving metapopulation lineage. This "general lineage concept" is a 492 SYSTEMATIC BIOLOGY VOL. 59 re-formulation of the evolutionary species concept (Simpson 1951 (Simpson , 1961 Wiley 1978) . de Queiroz (1998 Queiroz ( , 2007 considered the properties on which most of the alternative species concepts are based as secondary defining criteria of the species category. These secondary criteria arise at different times during the process of speciation and thus may result in different species delimitations but should also accumulate and become concordant as evolutionary lineages maintain independence for longer periods of time.
All operational methods for delimiting provisional species that we apply in the following are based on the secondary criterion that species are groups of organisms with similar genotypes as suggested in the genotypic cluster definition of species given by Mallet (1995) . This criterion may also be compatible with other criteria such as intrinsic reproductive isolation (Mayr 1963 ) because the lack of gene flow between reproductively isolated groups of organisms will result in an accumulation of differences due to differential adaptation and genetic drift that make these groups recognizable as different genotypic clusters. However, species in the earliest stages of speciation, when they differ only in a few genes that are responsible for differential adaptation or reproductive isolation will be difficult to recognize using the genotypic cluster criterion.
The different methods that we apply are all based on the criterion that species correspond to genotypic clusters but differ in the definition of genotypic clusters. Whereas Gaussian clustering is searching for clusters that correspond to mixtures of normal distributions that can best explain the variation in the data, STRUC-TURE (Pritchard et al. 2000) and STRUCTURAMA (Huelsenbeck and Andolfatto 2007) are searching for groups of individuals that are in approximate HardyWeinberg equilibrium. The most stringent definition of genotypic clusters is implemented in the method for delimiting sexually reproducing species proposed by Doyle (1995) . This approach requires that species form completely separated allele pools. Separated allele pools originate from reproductive barriers between and gene flow within sexually reproducing species. This implementation might recognize only species in late stages of speciation because there is often limited gene flow between recently separate species.
Delimitation of Provisional Species Using Gaussian
Clustering The approach for species delimitation proposed here is a modification of a two-stage strategy coupling ordination and cluster analyses that we have previously developed for biogeographical purposes (Hausdorf and Hennig 2003) . Similar two-stage strategies have later been proposed for inferring population structure (Liu and Zhao 2006; Richards 2007, 2009; Gao and Starmer 2008) .
Statistically, the delimitation of species based on samples of individuals is an estimation problem. Given that the data for the individuals are Euclidean, individuals can be modeled as generated by a mixture distribution with a density of the form
where x is a p-dimensional Euclidean vector, f i is the density for species i, and π i is the proportion of species i in the sampled individuals π i > 0, k i=1 π i = 1 . To arrive at Euclidean variables, a nonmetric multidimensional scaling (NMDS; Kruskal 1964) on a distance matrix, formalizing the genetic dissimilarity between individuals, is performed. Given estimators for the π i and the f i , individuals can be assigned to species by Bayes' formula. Moreover, model (1) allows for the introduction of a "noise component," that is, a mixture component for modeling data points that do not belong to any cluster Raftery 1998, 2002) .
Unfortunately, model (1) has to be further restricted in order to guarantee the identifiability of the mixture components f i . In the present paper, we assume the f i to be p-dimensional normal distributions with different means and covariance matrices. This is the most frequently used mixture model and corresponds to an idea of a species that comprises many very similar individuals (in the center of the normal distribution) and a smaller number of individuals that deviate more strongly from the core in various ways.
For the estimation of the mixture components, that is, the determination of clusters of individuals as provisional species, we used Gaussian clustering as implemented in MCLUST Raftery 1998, 2006) . The number of clusters is determined by the Bayesian information criterion. The Bayesian information criterion is also used to select a covariance matrix model for the normal distributions. The available covariance matrix models (e.g., equal covariance matrix for all mixture components, spherical covariance matrices for all mixture components, and unconstrained covariance matrices) are documented by Fraley and Raftery (2006) . Because of the automatic choice of covariance models, this method is very flexible in terms of cluster shapes, which is advantageous if the within-species variability varies between species.
The estimation of "noise" needs an initial noise estimation, which we get from the procedure NNclean (Byers and Raftery 1998) as recommended in Fraley and Raftery (1998) . NNclean needs a number k as a tuning constant. The dissimilarity of a point to its kth nearest neighbor determines whether the point is considered initial noise. Isolated subsets of k (but not more) points tend to be classified as noise rather than as separate clusters. We set k as the smallest integer larger or equal to the number of individuals divided by 40. Smaller values of k may be used if provisional species represented by only few individuals should be found.
Another tuning constant is the number of NMDS dimensions r. With increasing r, more accurate information 493 about the dissimilarities is used for the clustering. The accuracy of the information about the dissimilarities used for the clustering can be measured by the stress function (Kruskal 1964 ) that gives a percentage of imprecision for an NMDS solution. We recommend choosing r so that the stress is below 10% though values up to about 20% may be tolerated. This may be necessary because the higher r is, the more individuals are needed to estimate the clusters accurately. Allowing fully flexible covariance matrices, at least r + 1 individuals are needed to estimate a covariance matrix of a single cluster, and many more are needed to estimate it accurately. In MCLUST, models with restricted covariance matrix structure (e.g., assuming all clusters to be spherical or all having the same covariance matrix) may be chosen based on the Bayesian information criterion. These can be estimated with fewer observations. It depends on the data structure whether this is advantageous. We use r = 4 in the case studies because we want to recognize clusters consisting of at least five individuals.
The choice of the tuning constants cannot easily be derived from biological parameters but depends on the statistical properties of the data set. The need to set such parameters is not a particular shortcoming of Gaussian clustering but is a usual property of many clustering methods (e.g., this also applies to the parameter alpha for the Dirichlet process used in STRUCTURAMA or, if alpha is treated as a random variable, to the shape and scale parameters for the gamma distribution of alpha). We carried out a sensitivity analysis in which we varied the tuning constants to evaluate the sensitivity of the resulting species classification to the choice of the tuning constants.
A distance measure between individuals has to be specified. The choice of the distance measure depends on the data. For dominant genetic markers, we used the Jaccard distance d J as recommended by Link et al. (1995) . Let R = {1, . . . , c} be a set of alleles. The genotype of individual A is the subset of R present in that individual. |A| denotes the number of alleles present in individual A. |A 1 ∩ A 2 | is the number of alleles shared by individuals A 1 and A 2 , and |A 1 ∪ A 2 | is the number of alleles present in A 1 or A 2 . The Jaccard distance d J is defined as follows:
For codominant genetic markers, we used the shared allele distance (Bowcock et al. 1994) , defined as one minus the proportion of alleles shared by 2 individuals averaged over loci. Loci with missing values are not considered in the pairwise distance calculation. In the presence of missing values, this distance measure is not necessarily a metric.
The described method for delimiting provisional species is implemented in the program package PRAB-CLUS (Hennig and Hausdorf 2008) . PRABCLUS and MCLUST (which is used by PRABCLUS; Raftery 1998, 2006) are add-on packages for the free statistical software R (R Development Core Team 2008). Shaffer and Thomson (2007) suggested that the program STRUCTURE (Pritchard et al. 2000; Falush et al. 2007 ) may be used to determine the lower bound of the number of potential species in a sample. STRUCTURE is a model-based clustering method that has primarily been proposed for inferring population structure and assigning individuals to populations using multilocus data based on the assumption of Hardy-Weinberg equilibrium within populations (Pritchard et al. 2000) . We used STRUCTURE version 2.2 with the model without admixture, that is, under the assumption that there is no gene flow between species, as well as with admixture, acknowledging that there might be limited introgression between recently diverged species. Following Evanno et al. (2005) , 20 runs with 10,000 iterations after a burn-in of 10,000 iterations were carried out in order to quantify the amount of variation of the posterior probabilities of the data for each cluster number K. According to Evanno et al. (2005) , longer runs do not change the results significantly. We used the mean estimates of the posterior probabilities of the data for a given cluster number L(K) and the statistic ΔK proposed by Evanno et al. (2005) to estimate the number of clusters.
Delimitation of Provisional Species Using STRUCTURE
We also checked whether STRUCTURE could assign the sampled individuals correctly to clusters if the number of species given in the original papers is known a priori. For this purpose, runs with 100,000 iterations after a burn-in of 10,000 iterations with the model without admixture were carried out.
Delimitation of Provisional Species Using
STRUCTURAMA We also evaluated the performance of the program STRUCTURAMA (Huelsenbeck and Andolfatto 2007) in delimiting provisional species. Similar to STRUCTURE, STRUCTURAMA was designed for inferring population structure by grouping individuals into clusters such that Hardy-Weinberg equilibrium is maximized within clusters. However, the number of clusters and assignment of individuals to clusters can both be considered random variables that follow a Dirichlet process prior in this Bayesian approach. Thus, the advantage of this method is that it directly estimates the number of clusters in which a sample can be divided. We allowed the number of populations to be a random variable with a Dirichlet process prior, ran the Markov chain Monte Carlo analysis for 1,000,000 cycles, sampled every 100th cycle and discarded the first 4,000 samples as burn-in.
Delimitation of Provisional Species Based on Fields for
Recombination Doyle (1995) proposed a method for delimiting sexually reproducing species based on codominant multilocus markers. Because sexual reproduction defines 494 SYSTEMATIC BIOLOGY VOL. 59 fields for recombination (Carson 1957) of Mendelian loci, Doyle (1995) argued that the distribution of alleles would more reliably define boundaries of sexually reproducing species, the populations of which are interconnected by gene flow, than the phylogenies of those same alleles. The latter may not be equivalent to species boundaries because of idiosyncrasies of lineage sorting, between-locus mutation rate heterogeneity, and intralocus recombination (Avise and Wollenberg 1997; Hare 2001 ). Doyle's method attempts to identify natural discontinuities between different allelic states for a given locus on the basis of overlapping sets of heterozygous individuals. The presence of 2 alleles in a single individual is taken as evidence that these 2 alleles belong to the same allele pool, and so for a single locus, sampling of multiple individuals from multiple localities will permit grouping individuals together in a "single locus field for recombination" or separating them into distinct groups on the basis of overlapping or nonoverlapping sets of heterozygous genotypes. Better resolution of a gene pool boundary will likely be afforded by extending this procedure to additional loci. The multilocus genotype provides evidence for gene flow among populations, and individuals possessing alleles belonging to a multilocus gene pool are part of the same field for recombination. Individuals not sharing alleles at any loci are considered to be members of different fields for recombination, and provisional species are delimited based on multilocus genotypes by combining overlapping single-locus fields for recombination.
CASE STUDIES
As case studies with dominant markers, we reanalyzed AFLP data of Veronica (Pentasepalae) (Plantaginaceae) from the Iberian Peninsula and Morocco (Martínez-Ortega et al. 2004 ) and of Calopogon (Orchidaceae) from eastern North America and the Caribbean (Goldman et al. 2004 ). The Veronica (Pentasepalae) data set (retrieved from TreeBASE, http: www.treebase.org) includes 583 different AFLP bands ranging from 61 to 454 bp from 3 selective primer combinations of 207 plant individuals. Martínez-Ortega et al. (2004) followed essentially the classification proposed by Martínez-Ortega (1999) based mainly on differences in leaf morphology and ploidy level. However, they tentatively classified 3 morphologically indistinguishable units ranked as subspecies by Martínez-Ortega (1999) as separate species based on several criteria, for example, apparent absence or nonsignificant gene flow among them, long branches in the phenograms leading to each of the taxa, the distribution of the AFLP bands (e.g., comparatively high number of diagnostic fragments, high proportion of rare fragments within each of the taxa), and geographic isolation. In total, the investigated Veronica (Pentasepalae) individuals were classified into 8 species by Martínez-Ortega et al. (2004) . The Calopogon data set includes 468 different AFLP bands ranging from 50 to 500 bp from 2 selective primer combinations of 57 plant individuals that were classified into 5 previously delimited morphologically distinctive species (and 2 hybrid specimens) by Goldman et al. (2004) .
As case studies with codominant markers, we reanalyzed microsatellite data of Tetragonula (Apidae) from Australia and southeast Asia (Franck et al. 2004 ; genus classification following Rasmussen and Cameron 2007) and of Conradina (Lamiaceae) from Florida, Alabama, and Tennessee (Edwards et al. 2008) . The Tetragonula data set includes 13 microsatellite loci of 236 individuals that were classified into 9 species previously delimited based on differences in morphometry and nest architecture (Franck et al. 2004 ). The Conradina data set includes 10 microsatellite loci of 1098 individuals that were classified into 6 previously delimited morphologically distinctive species (Edwards et al. 2008) .
RESULTS
Delimitation of Provisional Species Using Gaussian
Clustering Using Gaussian clustering based on an NMDS of Jaccard distances between AFLP data sets with the default values of the tuning parameters (r = 4 and k = 6; see Material and Methods), the 207 Veronica (Pentasepalae) individuals from the Iberian Peninsula and Morocco were partitioned into 7 clusters (Fig. 1a) . The clusters correspond to 7 species recognized by Martínez-Ortega et al. (2004) . The eighth species recognized by Martínez-Ortega et al. (2004) , V. rosea, is represented by only 4 individuals in the data set. They were not assigned to any cluster. Moreover, one individual classified as V. aragonensis and one individual classified as V. tenuifolia were not assigned to any cluster. Altogether, 97.1% of all individuals were classified correctly (Table 1) .
We varied the tuning parameters r and k used for Gaussian clustering to explore the sensitivity of the cluster solution depending on the choice of these parameters (Table 2 ). When only 3 NMDS dimensions were used, V. scheereri and V. sennenii were combined in one cluster resulting in a decreased percentage of correctly classified individuals (88.4%). When 5 NMDS dimensions were used and/or the noise parameter k was reduced from 6 to 4, 2 or 3 of the well-represented species were subdivided into 2 clusters each, reducing the percentage of correctly classified individuals to 87.4% or 91.8%. With 4 NMDS dimensions, an increase of the noise parameter k from 6 to 8 did not affect the result. The same is true if the number of NMDS dimensions was increased to 5 and k was increased to 8.
The 57 Calopogon individuals from eastern North America and the Caribbean were partitioned into 6 clusters by Gaussian clustering based on an NMDS of Jaccard distances between their AFLP data sets with the default values of the tuning parameters (r = 4 and k = 2) (Fig. 1b) . These clusters correspond to the species recognized by Goldman et al. (2004) , namely C. barbatus, C. pallidus, C. multiflorus, C. oklahomensis, and C. tuberosus (exclusive var. simpsonii), and to C. tuberosus var. simpsonii considered to be a distinct "variety" but not a separate species by Goldman et al. (2004) . Moreover, one individual classified as C. barbatus, one individual classified as C. tuberosus var. simpsonii, and 2 individuals classified as C. pallidus as well as the 2 hybrid specimens (C. pallidus × C. multiflorus and C. tuberosus × C. pallidus) were not assigned to any cluster. Altogether, 85.5% of all individuals were classified correctly ( Table 1) .
The results of a sensitivity analysis concerning the choice of the tuning parameters r and k are summarized in Table 2 . When only 3 NMDS dimensions were used, 5 clusters of individuals were identified that correspond to species as recognized by Goldman et al. (2004) irrespective of whether k was set to 1, 2, or 4. Calopogon tuberosus var. simpsonii is not separated from the other C. tuberosus. About 5.5% of the individuals were included in the noise category. All the others were classified correctly. The results obtained with 4 NMDS dimensions and k = 1 or 4 correspond to those obtained with k = 2 (described above). When 5 NMDS dimensions were used, C. tuberosus var. simpsonii was classified as a separate provisional species. About 5.5% of the individuals were included in the noise category with k = 1, but this proportion increased to 18.2% with k = 2 or 4 because then all individuals of C. pallidus were included in the noise category.
The 236 Tetragonula individuals from Australia and Thailand were partitioned into 6 clusters by Gaussian clustering based on an NMDS of the shared allele distances between their microsatellite data sets with the default values of the tuning parameters (r = 4 and k = 6) (Fig. 1c) . The clusters correspond to T. collina, T. laeviceps, T. pagdeni, T. hockingsi, and the 2 496 SYSTEMATIC BIOLOGY VOL. 59 Table 1) . The results of a sensitivity analysis concerning the choice of the tuning parameters r and k are summarized in Table 2 . When only 3 NMDS dimensions were used and the noise parameter k was set to 4 or 8, all individuals of T. carbonaria were in one cluster. Under all other combinations of the tuning parameters, T. carbonaria was divided into two separate clusters. When 5 NMDS dimensions were used and the noise parameter k was set to 4 or 6, the T. mellipes individuals, which were otherwise included in the noise component, were recognized as a separate cluster. The 1098 Conradina individuals from Florida, Alabama, and Tennessee were partitioned into 8 clusters by Gaussian clustering based on an NMDS of shared allele distances between their microsatellite data sets with the default values of the tuning parameters (r = 4 and k = 28) (Fig. 1d) . These clusters correspond to 6 species recognized by Edwards et al. (2008) with the exception that C. canescens and C. verticillata were divided into 2 clusters each. Moreover, 1.9% of the individuals were placed in a wrong cluster and 0.3% of the individuals were not assigned to any cluster. Altogether, 81.4% of all individuals were classified correctly ( Table 1) .
The results of a sensitivity analysis concerning the choice of the tuning parameters r and k are summarized in Table 2 . Depending on the choice of the number of NMDS dimensions and the noise parameter k 1-4 of the Conradina species were further subdivided into 2 clusters each. The percentage of correctly identified individuals varied between 70.3% and 89.6%.
Delimitation of Provisional Species Using STRUCTURE
There was no distinct maximum of the mean estimates of the posterior probabilities of the data calculated with STRUCTURE for a given cluster number K, for K between 1 and 15, for any of the 4 examined data sets irrespective of whether the model without admixture or the model with admixture was used (Figs. 2a, c, e, g and 3a, c, e, g ).
The statistic ΔK proposed by Evanno et al. (2005) to estimate the number of clusters K showed a maximum at K = 3 for the Veronica (Pentasepalae) AFLP data set when the model without admixture was used (Fig. 2b) . The 3 clusters corresponded to V. orsiniana, V. sennenii + V. scheereri, and V. javalambrensis + V. tenuifolia + V. fontqueri + V. rosea + V. aragonensis. Altogether, 70.5% of all individuals were classified correctly (Table 1 ). When the model with admixture was used, ΔK showed a maximum at K = 4 (Fig. 2d) . The 4 clusters corresponded to V. orsiniana, V. sennenii + V. scheereri, V. javalambrensis, and V. tenuifolia + V. fontqueri + V. rosea + V. aragonensis. Altogether, 81.2% of all individuals were classified correctly (Table 1) .
For the Calopogon AFLP data set and the Tetragonula microsatellite data set, ΔK showed a maximum at K = 2 irrespective of whether the model without admixture or the model with admixture was used (Fig. 3b,d ). However, ΔK for K = 1 could not be calculated. Thus, neither the mean estimates of the posterior probabilities of the data for a given cluster number K nor the ΔK values indicate clearly how many species are present in these data sets.
For the Conradina microsatellite data set, ΔK also showed a maximum at K = 2 when the model without admixture was used (Fig. 3f ). With the model with admixture, the maximum value of ΔK was at K = 7 (Fig. 3h) . The 7 clusters correspond to C. brevifolia, C. grandifolia, C. etonia, C. glabra, the C. canescens populations of the western panhandle of Florida, the C. canescens populations of the eastern panhandle of Florida plus the Santa Rosa populations, and C. verticillata (see also Edwards et al. 2008) . Altogether, 91.3% of all individuals were classified correctly (Table 1) . However, the ΔK values were widely scattered and at K = 9 there is a similarly large value of ΔK.
We also used STRUCTURE with the model without admixture to assign the sampled individuals to the number of species given in the original papers. For the Veronica (Pentasepalae) data set, with K = 8, the assignment of all individuals to clusters corresponds to the original classification. For the Calopogon data set, with K = 5, the assignment of all individuals to clusters also corresponds largely to the original classification, but one specimen of C. barbatus was misclassified as C. multiflorus. When the Tetragonula data set was analyzed with K = 9, the two T. clypearis individuals clustered with T. sapiens, T. hockingsi was subdivided into 2 clusters and 46 individuals of T. hockingsi and one individual of T. davenporti were not assigned to a cluster with a posterior probability 0.95. 78.8% of the Tetragonula specimens were correctly assigned to species when the number of species was assumed to be known a priori. For the Conradina data set, with K = 6, the 6 clusters correspond to C. brevifolia + C. grandifolia, C. etonia, C. glabra, the C. canescens populations of the western panhandle of Florida, the C. canescens populations of the eastern panhandle of Florida plus the Santa Rosa populations, and C. verticillata. Fifteen individuals of C. canescens and one individual of C. glabra were not assigned to a cluster with a posterior probability 0.95. 73.0% of the Conradina specimens were correctly assigned to species when the number of species was assumed to be known a priori.
Delimitation of Provisional Species Using
STRUCTURAMA STRUCTURAMA calculated the posterior probability that the Veronica (Pentasepalae) data set includes 6 clusters as 1.0. In the mean partition, these clusters correspond to V. orsiniana, V. sennenii + V. scheereri, V. javalambrensis, V. fontqueri, V. aragonensis, and V. tenuifolia + V. rosea. Altogether, 89.9% of all individuals were classified correctly (Table 1) .
The posterior probability that there are 2 clusters in the Calopogon data set was computed to be 1.0. In the mean partition, these clusters correspond to C. barbatus + C. pallidus + C. multiflorus (inclusive of the putative natural hybrid between C. pallidus and C. multiflorus), VOL. 59 and C. oklahomensis + C. tuberosus (inclusive of the artificial hybrid between C. tuberosus and C. pallidus). Altogether, 56.4% of all individuals were classified correctly ( Table 1) .
The posterior probability that there are 10 clusters in the Tetragonula data set was computed to be 0.89 and the probability that there are 9 clusters was computed to be 0.11. In the mean partition the ten clusters correspond to the 9 morphologically defined species recognized by Franck et al. (2004) with the exception that T. laeviceps was divided into 2 groups and one specimen of T. davenporti was included in the T. carbonaria cluster. Altogether, 91.9% of all individuals were classified correctly (Table 1) .
The posterior probability that there are 6 clusters in the Conradina data set is 1.00. In the mean partition, these clusters correspond to the 6 morphologically defined species recognized by Edwards et al. (2008) . 100.0% of all individuals were correctly classified (Table 1) .
Delimitation of Provisional Species Based on Fields for
Recombination The application of the method proposed by Doyle (1995) to the Tetragonula microsatelllite data resulted in aggregating all 236 examined individuals in a single provisional species because the alleles of some loci (e.g., B124, Mbi278AAG) did not form separate allele pools. Likewise, all 1089 examined individuals of Conradina were aggregated in a single provisional species.
DISCUSSION
Delimitation of Species Based on Multilocus Data Using
Gaussian Clustering The case studies showed that provisional species that correspond to species as recognized based on other data can be delimited with Gaussian clustering based on dominant and codominant multilocus markers, given adequate sampling. This indicates that the identification of species as normally distributed mixture components, as implemented in Gaussian clustering, is compatible with other criteria used to delimit species in taxonomic practice. An advantage of this nonhierarchical clustering method is that the number of clusters is determined by the Bayesian information criterion.
The classification success was much higher in the analyses of AFLP data of Veronica (Pentasepalae) from the Iberian Peninsula and Morocco and Calopogon from eastern North America and the Caribbean than in the analysis of the microsatelllite data of Tetragonula from Australia and Thailand and of Conradina from Florida, Alabama, and Tennessee. Whereas 97.1% of the Veronica (Pentasepalae) individuals and 85.5% of the Calopogon individuals were correctly assigned to species, only 73.3% of the Tetragonula individuals and 81.4% of the Conradina individuals were correctly assigned to species.
We suppose that the main reason for the differing classification success of the analyses of AFLP data and those of microsatellite data is the much higher number of examined loci in the AFLP data sets. Whereas 583 AFLP loci have been examined in Veronica (Pentasepalae) (Martínez-Ortega et al. 2004 ) and 468 in Calopogon (Goldman et al. 2004) , only data from 13 microsatellite loci are available for the Tetragonula species (Franck et al. 2004 ) and 10 in Conradina (Edwards et al. 2008) .
Classification success also depends on a balanced taxonomical and geographical sampling. Individuals of species represented by less than 5 individuals (e.g., V. rosea, T. sapiens, and T. clypearis) were assigned to the noise component. The importance of balanced geographical sampling becomes apparent in particular in T. carbonaria. The individuals of this species have been sampled in 2 regions that are more than 1300 km apart from each other and were divided into 2 provisional species according to their geographical origin. It cannot be decided whether these two clusters are actually two distinct species or whether they represent only two separate sections of a continuous cline because no data are available from the intervening area. Geographically distant populations of a species, which are not connected by direct gene flow, may falsely be classified as different species if existing connecting populations are not sampled, the allele composition of which could demonstrate continuous gene flow.
The introduction of a noise component is useful to recognize problems that might result from inadequate sampling, hybridization, or incorrect character coding. If the calculations are made without a noise component, the individuals belonging to species represented by a small number of individuals were partly assigned to other species (data not shown) and there is no indication that there is a problem in the data. The proposed method classified the 2 hybrid specimens in the Calopogon data set to the noise category (albeit one of them only under certain combinations of parameters) and indicated in that way that there are problems in the assignment of these specimens to species.
The NMDS plots ( Fig. 1) and phylogenetic trees or networks may give indications as to the identity of individuals classified in the noise component. For example, the isolated position of the 4 Veronica rosea individuals in the NMDS plot of the AFLP data, far away from all clusters, and their distinct separation from other species in the phylogenetic trees based on these data (Martínez-Ortega et al. 2004: Figs. 3-5) strongly indicates that V. rosea is a separate species and that the V. rosea individuals were included in the noise component only because the number of individuals was insufficient to recognize them as a separate cluster. The NMDS plot also shows that one of the other 2 individuals included in the noise component is very close to V. aragonensis and the second individual is very close to V. tenuifolia. Their position in the phylogenetic trees (Martínez-Ortega et al. 2004: Figs. 3-5) in the V. aragonensis, respectively, V. tenuifolia group also confirm that the individuals belong to these species, even though their allele composition deviates slightly.
The NMDS plots ( Fig. 1) do not indicate critical violations of the normality assumption for the data sets used in the case studies. Normal mixtures are generally flexible enough to fit even nonnormal distributions. The individuals of a species may, for example, form a nonnormal distribution if the species consists of differentiated subspecies (or metapopulations). In this case, Gaussian clustering may recognize each subspecies as a separate normal component. Graphical diagnostics using NMDS plots or the methods proposed by Hennig (2004) may be used to check whether there are poorly separated normal components that may be parts of a single provisional species.
Comparison with Other Methods for the Delimitation of
Species Based on Multilocus Data We applied STRUCTURE (Pritchard et al. 2000; Falush et al. 2007 ) to the example data sets in order to delimit species as proposed by Shaffer and Thomson (2007) . The posterior probabilities of the data for a given cluster number calculated with STRUCTURE did not indicate the number of species present in a data set clearly for any of the examined data sets irrespectively of whether the model without admixture or the model with admixture was used (Figs. 2a,c,e,g and 3a,c,e,g ).
The ad hoc statistic ΔK proposed by Evanno et al. (2005) also did not indicate an optimal number of clusters in 3 of the examined data sets, when the model without admixture was used, and in 2, when the model with admixture was used. In two cases, in which ΔK provided a decision about the number of clusters, the classification success of STRUCTURE was worse than that of Gaussian clustering or STRUCTURAMA. STRUCTURE outperformed Gaussian clustering in one case: with the admixture model of the Conradina data set. However, the plot of the values of ΔK of this analysis (Fig. 3h) shows a large variability and the correct value of K (6) corresponds to a low value of ΔK. Such a result can be expected to be very sensitive to small changes in the data.
Though STRUCTURE may be useful for assigning individuals to clusters if the correct number of clusters is known a priori, STRUCTURE is not very helpful for delimiting provisional species without prior information because of its inability to determine the correct number of clusters. However, it may be used as a supplementary tool to assess the degree of isolation of provisional species by visualizing the pattern of admixture.
In contrast to STRUCTURE, STRUCTURAMA calculated correct or almost correct numbers of clusters on the basis of microsatellite data. This resulted in high classification success (91.9% in Tetragonula and 100.0% in Conradina). With these data sets, STRUCTURAMA outperformed all other methods. With AFLP data, the classification success was lower. In the case of Veronica (Pentasepalae), it was slightly inferior (89.9%) to that of Gaussian clustering, whereas STRUCTURAMA lumped 3 of the Calopogon morphospecies correctly identified by Gaussian clustering together with other species so that the classification success (56.4%) with this data set was much lower.
Finally, we applied the method proposed by Doyle (1995) for delimiting species with codominant multilocus data to the Tetragonula and the Conradina microsatellite data sets. All 236 examined Tetragonula individuals, respectively, all 1098 Conradina individuals, were aggregated in single provisional species, following the rules formulated by Doyle (1995) because the alleles of some loci did not form separate allele pools. This may be caused by retained ancestral polymorphisms or introgression of alleles from one species into another (Doyle 1995) . Because of the rule that gene pools that define the limits of provisional species can be no less inclusive than any of the single-locus allele pools, the method has a low resolution as already noted by Marshall et al. (2006) . Perhaps it would be possible to formulate a less stringent criterion to avoid this problem. Actually, Wiens and Servedio (2000) suggested using nonzero frequency cut-offs for character-based species delimitation. Such a modification of the approach of Doyle (1995) would probably make its results more similar to those of the Gaussian clustering approach proposed here.
Irrespective of the method, wrong classifications of individuals are usually not the result of a classification of single individuals into a cluster formed by individuals of a different species but of subdividing sets of individuals belonging to the same species or lumping sets of individuals belonging to different species together. Thus, determining the correct number of clusters is an essential task in delimiting species. The "fields for recombination" approach proposed by Doyle (1995) showed the worst performance because it lumped all individuals of each microsatellite data set together in a single species. STRUCTURE often provided no decision about the number of clusters. On the other hand, STRUCTURAMA produced the classifications with the highest number of correctly classified individuals on average. However, its performance varies depending on the kind of the data. Whereas it was by far the most successful method with the codominant microsatellite data sets, its classification success with dominant markers was slightly inferior to that of Gaussian clustering with the Veronica (Pentasepalae) data set and even distinctly worse in the case of Calopogon.
The reasons for the differences in classification success of the different methods with different kinds of data might be that approaches that are based on the assumption of Hardy-Weinberg equilibrium within clusters can extract more information from data sets with few codominant markers than methods that do not consider such population genetic assumptions. With many loci, strategies coupling ordination and cluster analyses like Gaussian clustering become more efficient (see also Reeves and Richards 2009) . Approaches that are based on the assumption of Hardy-Weinberg equilibrium are probably in general less suitable for dominant markers because Hardy-Weinberg equilibrium is more difficult to infer with dominant markers.
The basic step in delimiting species, namely the partition of a set of sampled individuals into one or more provisional species without prior information about the number of species, is a particularly difficult clustering problem because of the hierarchical structure of relationships between organisms (Coyne and Orr 2004: 449) . Species are not the only clusters formed by individuals. The clusters of individuals corresponding to species are part of larger clusters corresponding to higher taxa, which form nested clusters themselves. Within species, individuals may belong to several nested clusters corresponding to geographical subspecies, metapopulations, populations, etc. It depends on the data (e.g., number of examined individuals and number of examined loci) and the algorithm, which clusters are recognized by a method. In the case studies, Gaussian clustering and STRUCTURAMA usually recognized clusters that correspond to species delimited with other data and methods. Thus, these methods are in principle suitable for delimiting provisional species. However, these methods might also recognize sufficiently isolated populations of one species as separate genotypic clusters. This happened in some cases in the case studies. Actually, STRUCTURAMA has been designed for that purpose. Therefore, species classifications based on molecular genetic data alone are not definitive and the species status of genotypic clusters delimited with the methods discussed in this paper has to be further tested using additional data and additional species criteria.
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It is important to acknowledge that there is no fully objective solution of the species delimitation problem because the choice of a cluster analysis method and the setting of its tuning parameters cannot simply be determined by biological parameters. This is an avenue for future research. In the case of species delimitation, particularly critical decisions must be made about how strongly clusters are required to be separated to count as species, how much within-species variation is tolerated, and whether small groups of individuals, not belonging to any of the major groups, should be rather classified as outliers or be interpreted as provisional species (and how small provisional species are allowed to be). Thus, we agree with Sites and Marshall (2004) that an eclectic approach to delimiting species is required because all methods for species delimitation will on occasion fail to delimit species boundaries properly or will give conflicting results and because virtually all methods require researchers to make qualitative judgments. Based on the classification success of the different methods for delimiting species in the case studies, we recommend using Gaussian clustering for data sets with numerous markers (at least if each species is expected to be represented by several [>5] specimens) and STRUCTURAMA for data sets with few markers, especially with codominant markers. However, we also recommend to cross-check the results with the other method to be able to recognize potential problems. The generality of this preliminary recommendation has to be checked by further analyses.
SUPPLEMENTARY MATERIAL
Supplementary material can be found at http://www .sysbio.oxfordjournals.org/.
